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Fig.1 Overview of the system.
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Fig.2 Processing flow of the tree species discrimination.
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Fig.3 The structure of AlexNet.
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Table 1 Result of evaluation experiment (2017).
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Table 2 Result of evaluation experiment (2018).
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Fig.4 Images changed brightness by gamma correction.
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Fig.5 Images rotated by 90 degrees.
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Fig.6 Correct color map and discrimination result.
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